ABSTRACT Information dissemination in a social network is constrained by the underlying structure of the network and interaction between the users, and different dissemination patterns are exhibited over time. In this paper, first, information dissemination trees (IDTs) are constructed by tracking the Sina micro-blog information dissemination path (i.e., message forwarding and @), and an empirical analysis of their time characteristics is conducted. Second, the time-weight shuffle null model is established based on the null model in statistics, including the equal time-weight edge shuffle null model and the node time-weight shuffle null model, which are utilized to analyze the temporal properties and the corresponding information dissemination pattern. Thus, we further analyze the dynamics of the IDTs, which contain the burstiness of the information dissemination, the dissemination scale, and the effect of the network structure on the information dissemination. Finally, the experimental results indicate that the information dissemination in Sina micro-blog has a 5-h-effect and the network structure has a positive effect on the dissemination of information. The latter contrasts sharply with the scenarios of the European mobile phone network and e-mail communication network, and the burstiness of the information dissemination is suppressed while the network structure is destroyed.
information dissemination. The latter is often different based on the different types of networks. The network structure and information dissemination are interrelated, mutually restricted, and mutually cooperative, i.e., information dissemination is relatively fast, and in this process, it may affect the topology of the network of the user. Simultaneously, the network structure also has an impact on the process of information dissemination, and eventually the processes mentioned above form a feedback loop: the social network structure affects the information dissemination, and the information dissemination in turn affects the social network evolution, and both of them evolve with time [1] , [3] , [4] , [6] , [7] .
At present, studies on the information dissemination in social networks, particularly online social networks, are increasingly focused on quantitative analysis, exploring various factors that affect information dissemination from a microcosmic perspective, thereby providing a basis for the dissemination prediction. There are many factors that affect the information dissemination on online social networks. Considering Sina micro-blog as an example, the relationships between the users, followers, and followees constitute a complex network structure in which there is a ''Channel'' for the micro-blog message dissemination, whereas the ''@'' and ''forwarding'' of the micro-blog messages between ''friends'' constitute the actual paths of the information dissemination. Then, the number of friends and followers, level of user activity (i.e., the number of user-postings, forwarded, ''@'' and comments) and attributes of Sina micro-blog constitute the computable factors that affect the information dissemination with different mechanisms [8] [9] [10] .
Although information dissemination in social networks has been extensively studied, there are still many fundamental issues remain to be addressed because of the different underlying structures and existing research priorities of social networks. For instance, is there an unified model for analyzing information dissemination in different type of network structures? What is the mechanism of information dissemination and the factors affecting information dissemination? How to effectively characterize and simulate the dissemination patterns and phenomenon, which are essential issues in social network analysis. However, the answers to these questions are still not enough and ambiguous.
B. CONTRIBUTION
For the purpose of exploiting the patterns and mechanisms of the information dissemination in Sina micro-blogs, the corresponding information dissemination network is first established by tracking the information propagation paths of Sina micro-blog (i.e., information dissemination tree and distinct forms of the information dissemination network), which directly reflects the final dissemination scenario and status of the information in the above mentioned cooperative process. Second, the time-weight characteristics of Sina micro-blog information dissemination trees, including the burstiness and scale of the information dissemination, are analyzed. Finally, the time-weight null model based on the null hypothesis in statistics is used to analyze the temporal characteristics of Sina micro-blog information dissemination trees, which can implement indirectly the objective of analyzing the dissemination laws and influence the network structure on the information dissemination.
In this article, we mainly focus on exploiting the patterns and mechanisms of information dissemination in Sina microblogs. Generally, main contributions of this paper can be summarized as follows.
1) The sina micro-blog information dissemination tree with time-stamp are created, then an empirically analysis on the above information dissemination trees was carried out and the property of 5-h-effect in sina micro-blog was obtained; 2) Take time-weight characteristic of edges in sina IDTs into consideration, we proposed an 'equal-weight edge shuffle IDT null model (EWS)' for analyze the information dissemination scale and burstiness, and verified the phenomenon of 5-h-effect in sina micro-blog; 3) On basis of shuffling nodes time-weight of IDTs, the information dissemination scale and burstiness of IDTs were obtained by applying the proposed 'node time-stamp shuffle IDT null model (NTS)', we also conducted a set of experiments on real world data of sina micro-blog, which consists of 4,469,809 nodes (users), and 4,469,469 directed edges in total. Experimental results proved the effectiveness of our proposed algorithm of EWS an NTS.
The remainder of this article is organized as follows. Section II reviews related work and makes a corresponding summary. Section III introduces the preliminaries of this article and conducts empirical analysis on Sina micro-blog information dissemination trees. Section IV outlines the time-weight shuffle null models for Sina micro-blog information dissemination tree. In Section V purpose experimental results are reported and the final section sheds light on concluding remarks.
II. RELATED WORK
Microblog has attracted much attention from the research community since it became an important social networking service in the last decade. Reconstructing footprints of information dissemination from real-world data is a fundamental problem for understanding and controlling collective dynamics of social networks. There have been a large body of studies done on information dissemination in literatures. The application of the null model in ecology has a history of nearly 100 years [11] . Interestingly, the first null model used in correlation and co-analysis was the ratio between the number of genera and number of species. It was utilized by the researchers to measure the number of genera and species in each community. However, the modern concept and method of the null model are invariant to all the observed patterns in a fixed dataset, except to the one to be studied [12] , [13] . Mahadevan et al. [14] utilized degree correlation systematically to study the topological features of social networks and generation of random copies of a network, which has been proven to be a typical application of the null model for social network analysis and a good starting point.
The goal of this paper is to obtain information dissemination patterns in Sina micro-blog by utilizing a method that apply time-weight null modes on Sina micro-blog information dissemination trees. And the most related works are classified into three subcategories, 1)network structure analysis based on null model, 2)null model based information dissemination analysis, and 3)tree-based information dissemination models.The remaining subsections introduce the applications of the null model in social network analysis and make a summarization to those literatures.
A. NETWORK STRUCTURE ANALYSIS BASED ON NULL MODEL
The essence of the application of the null models in the analysis of the social network topological characteristics, such as degree correlation, motif distribution, and homogeneity, is to rewire or reconnect the edges in the social network. The edge connections are shuffled and corresponding random copies of different orders are produced. This is followed by further examining whether the correlation and co-occurrence of nodes in the randomized copies are higher or lower than in the real counterpart. The null model is widely used by researchers, and Maslov and Sneppen [15] used it to study the topological properties of the protein interaction network and gene regulation network, which verified the specificity and stability of these two networks. Then, Maslov et al. also proposed a universal scheme for discovering and analyzing topological patterns in large-scale and complex networks. This scheme measured the association between neighboring nodes and demonstrated that the aggregation characteristics in the networks were closely related to the degree distribution and association profiles [16] . Mahadevan et al. [17] proposed a method of using the existing Internet features to produce different scales of annotation Internet routing networks, and they found that the randomized copies of the networks produced by the above methods could well match the characteristics of the different scales of the target networks.
B. NULL MODEL BASED INFORMATION DISSEMINATION ANALYSIS
The time-weight of the nodes indicates the timestamp of when the information is posted/forwarded in Sina micro-blog information dissemination tree (the time-weight of the root node is the post time of the source micro-blog message). Thus, the edge-weight is defined as the difference between the nodes with which an edge is associated. However, for the construction of the null models based on time-weight shuffling, the time-weight shuffling of the node and time-weight shuffling of the edge are mainly included in the time variant network, which are summarized as follows.
1) The time-weight of the nodes in the network is shuffled, which changes the contact time of the associated nodes and destroys the correlation between the burst events and neighborhood events. This achieves the objective of studying the effect of the correlation between the burstiness and correlation of events on information dissemination. Homlme studied the reachable time and rate in social networks and an e-mail network by comparing the null models that were constructed by the time shuffle algorithm. They found that destroying the time correlation led to a more rapid and wider dissemination of the information [18] . However, Karsai et al. studied the information dissemination in the European mobile communication network, and they found that a time-variant correlation had a strong hysteresis effect on the information transmission. The results showed that the same time-varying characteristics had different (opposites) effects on the dissemination in different types of time-varying networks [19] . In addition, two problems are typically solved in a study of a network with time sequential properties: one is on the manner in which the sequential process evolves with time, and the other is on the extent to which the past or history of that process can predict the future. Wang and Huberman utilized the time shuffling algorithm and verified that the prediction of a future event status using the current state of events was not affected by the scale of the empirical data [20] . Moreover, the link prediction and information dissemination in social networks have become the focus and prominent research topics in the field of social network analysis [21] [22] [23] . 2) However, for edge time-weight shuffling, also known as the time-weight shuffling in an interval network, the edges record the start and end time of the event and event duration. The above-mentioned time-weight shuffling algorithm is applied to Sina micro-blog information dissemination tree. The time-weight of the edges of the information dissemination tree is shuffled to ensure the time sequence of the two nodes with which the edges are associated, i.e., the time-stamp of the start node of all the edges in the information dissemination tree is shorter/appears earlier than the time-stamp of the corresponding end nodes.
C. TREE-BASED INFORMATION DISSEMINATION MODELS
Tracking the digital fingerprints, such as posting and forwarding behaviors of a micro-blog, drives the spread of the information such that the entire dissemination network is obtained, of which the information dissemination tree is a typical representative. Yi et al. proposed a new definition for an event outbreak based on Sina micro-blog information dissemination trees, which were utilized to mine the key predictors of an event outbreak in social networks. Their findings could considerably improve the prediction accuracy of an event outbreak in social networks [24] . Fabrega and Paredes [25] analyzed the phenomenon of the three degrees of influence in Twitter, and the experimental results showed that most of the social distances, namely more than 90%, VOLUME 6, 2018 from the forwarded tweets to the source tweet were less than three. However, Rodrigues et al. [26] found that the width wasmorethan the depth of the URL diffusion trees in Twitter, and the width of 0.1% diffusion trees was larger than 20, whereas only 0.005% of the diffusion trees had a height more than 20. These sharply contrasted to the narrower width and higher depth of the Internet chain letter diffusion trees [27] . Yu et al. [8] represented the cascade of each message as a tree, then they divided the information propagation pattern into two levels, namely, the macro level and the micro level, and the macro propagation patterns refer to general propagation modes that were extracted by grouping propagation trees based on hierarchical clustering while the micro propagation patterns were frequent information flow patterns that were discovered using tree-based mining techniques, and serval interesting patterns were extracted. Subsequently, Yu et al. [28] proposed an emotional participant selection system that not only considers users topic preference, but also more importantly takes users emotional influence into account, then they developed an algorithm that can accomplish the task for emotional participant selection combining the dynamic forgetting mechanism and the independent cascade model, and it is gratifying that their methods were well verified on a real-world data set. Furthermore, Goluba and Jacksonb [29] explained the observed structure of the Internet by using data selection bias through which they observed that can radically change the estimation of the diffusion processes, which can be better to illustrate the bias of the selected mail diffusion by Liben-Nowell and Kleinberg [27] .
D. SUMMARIZATION
Although the existing research works have achieved fruitful and substantial consequences, there are still some research points that need to be improved. However, many studies mainly focus on the topological structure of information dissemination network(or tree), and studied the information dissemination patterns and factors that affecting the information diffusion from the macroscopic points of views [8] , [14] , [15] , [28] , [30] [31] [32] . Moreover, many other studies were mainly focused on the utilization of simulation methods and simulated data to fit the real-world social networks and achieved well performance [9] , [10] , [20] , [25] , [29] , [33] , [34] . The existing methods and models have their own merits and demerits, which can solve problems in a certain range. Above all, the information dissemination trees with time-stamp were established by tracking footprints of information dissemination, which are sub-graphs of corresponding network and truly reflect the real situation of information dissemination. The information dissemination patterns, mechanisms and dynamics were analyzed by the time-weight null models, include 'Equal-Weight Edge Shuffle IDT Null Model' and 'Node Time-Stamp Shuffle IDT Null Model', proposed in this article, and both of them have become the biggest highlights of this paper.
III. PRELIMINARIES AND EMPIRICAL ANALYSIS
This section introduces the related concepts and definitions used in this article and also focuses on the empirical analysis of Sina micro-blog information dissemination trees with time-weight properties (i.e., time-weight-variant network), including the correlation of an event burst and topological weight.
A. PRELIMINARY 1) DEFINITIONS

Definition 1 (Information dissemination tree (IDT)):
After a user (tree root) posts a source micro-blog message, this micro-blog is then forwarded by his friends and friends of friends and so on. The users are represented by the nodes and the forwardings are abstracted as directed edges point to the forwarded users. Thus, a nested hierarchical tree structure that is reconstructed by the above-mentioned iterative process is referred to as the micro-blog information dissemination tree, as shown in Fig.1 . For the detailed reconstruction procedure, [24] and author's article [35] can be referred. 
Definition 2 (Information Forwarding Time (IFT)):
A time interval measurement that provides the difference between the time-stamp of when a user forwards an information from his friend and the time-stamp of when a friend forwards or publishes that information, i.e., the difference between the time-stamps of a node and its parent node in an IDT, and also illustrate the weight of the corresponding edge in that IDT. In this work, IFT is used to illustrate the busrtiness of the information dissemination and forwarding. As shown in Fig.2 , the IFT between nodes 1 and 2 and between nodes 2 and 7 ist 2 −t 1 and t 7 −t 2 , respectively. Then, the corresponding time weights of edge 1 → 2 and 2 → 7 are respectively t 2 − t 1 and t 7 − t 2 .
Definition 3 (Information Propagation Time (IPT):
A time interval measurement that provides the difference between the time-stamps of the non-root nodes and root node in Sina micro-blog IDTs. IPT shows how long it takes for a source information to be ''accepted'' by the friends of a user after that message was posted or publicized to the friends of the user. In this article, the IPT is used to calculate the cumulative scale of the information dissemination and the scale of the new added information dissemination at different times. As shown in Fig.2 , the IPTs of node 7 and node n are t 7 − t 1 and t n − t 1 , respectively.
Definition 4 (Event Burstiness):
The time-weight of the edges in an IDT indicates the burstiness of the events occurrence that are associated with edges. Some events occur and spread in a very short period, i.e., the event has a strong burstiness. However, some events require a long time to spread, i.e., these events have a weak burstiness [36] . In this study, the event burstiness is measured by the IFT of the edges of an IDT.
Definition 5 (Event Correlation):
In an IDT, the correlation between the events on the adjacent edges (i.e., the information forwarding correlation between a node and its neighbor nodes) implies that the occurrence of the events on adjacent edges is often related, with acorresponding intrinsic causal connection [37] .
2) DATASETS
The dataset 1 of the IDTs used in this study is extracted from the micro-blogs crawled from the website of SinaWeibo, with timestamps between April 2012 and February 2015. This data collection includes 340 IDTs, 4,469,809 nodes (users), and 4,469,469 directed edges in total. Furthermore, each IDT is indicative of an event, and there are 340 events related to different topics, including social events, economics, sports, technology, fashion, health, and culture. The dataset used in this study is consistent with the dataset in [24] , and its detailed generation procedure is also presented in [24] .
B. EMPIRICAL ANALYSIS OF SINA MICRO-BLOG IDTS
This section presents the analysis of the IDTs of Sina micro-blog (detailed in section III-A2) from the two aspects of information dissemination burstiness and scale. The study also compares the analysis correspondence with the traditional infectious disease model SI [19] .
1) BURSTINESS OF SINA MICRO-BLOG IDTS
The burstiness of Sina micro-blog IDTs shows the dissemination of the information in one unit time interval. If the scale 1 https://github.com/garnettyige/datasets of dissemination (the number of messages forwarded) is large in the unit time interval then the burstiness is strong and vice versa the trend is opposite, i.e., it is weak. The above reflects the characteristics of the ''attention'' and ''acceptance'' of the Sina micro-blog user, assists in the further dissemination of the information in the circle of friends. This section explains the burstiness of Sina micro-blog IDTs from two aspects: ''the number of messages forwarded in different forwarding time intervals'' and ''the amount of new added messages forwarding in different time periods.'' The corresponding empirical results (the time interval is set to 0.5 h) are shown in Fig.3 and Fig.4 , respectively. As can be seen from Fig.3 , after a user posts/forwards a message, this message is forwarded (disseminated) by 23% of his friends within 0.5 h. However, the number of forwarding users, given by n(t)/n (where n(t) is the number of users forwarding that message in time interval t and n denotes the total number of users), is reduced with the increase in the time interval. Moreover, that message is cumulative forwarded by 57.4% of the friends in his friend circle within 5 h, whereas the other forwarding time intervals account for approximately 1.5% of the total dissemination scale and tend to be stable, which implies that the burstiness of Sina micro-blog information dissemination is relatively strong. Thus, after a message is posted/forwarded, it is spread over a wide range in a short time and the dissemination tends to be stable after 5 h, which indirectly indicates that the interaction in Sina micro-blog user circle is more active. Moreover, Fig.4 illustrates that the number of newly added users is the most in [0, 0.5] time interval. With time, the number of newly added users decreases significantly and tends to be relatively stable after 5 h, which further confirms the ''5-h-effect'' phenomenon. 
2) CUMULATIVE DISSEMINATION DISTRIBUTION OF SINA IDTS
A variety of classical infectious disease models, such as SI, SIR, SIS, and their extensions have been widely studied in different actual networks, and tremendous progress has been made in the work presented in [33] and [34] . Without loss of generality, this study also analyzes the cumulative dissemination scale of Sina micro-blog IDTs in section III-A2. The SI model is introduced in reference to [19] , as expressed in equation (1), where y(t) indicates the percent of infected individuals at t, β stands for infection coefficient, and t 0 represents the initial infected individuals percent. Moreover, for the purpose of ensuring persuasiveness of comparative experiments, parameters β = 0.55 and t 0 = 0.05 were consistent with the settings of [38] , and the comparison results are shown in Fig.5 .
The following conclusions can be drawn from the empirical and simulation correspondences shown in Fig.5: 1) When the dissemination time is less than or equal to 5 h, the scale of the information dissemination in Sina micro-blog IDTs exponentially increases, which has a higher growth rate than that of the SI model; 2) When the dissemination time is longer than 5 h but less than 24 h, the growth rate of the information dissemination scale is lower than that of the SI model and it tends to be stable (the SI model no longer increases in 15 h). Combining with Fig.3 and Fig.4 , it can be seen that when the dissemination time is longer than 5 h, the users of friends circle reduce the dissemination of the micro-blog message and the newly added dissemination scale also tends to be stable and significantly lower than the first 5 h; 3) ''5-h-effect'': Based on the above statements in items1 and 2 and the information dissemination burstiness of Sina micro-blog IDTs depicted in Fig.3 and Fig.4 , within the 5-h time interval of the information dissemination, the scale of the dissemination accounts for more than 60% of the total information dissemination scale and tends to stable after 5 h.
IV. TIME-WEIGHT SHUFFLE NULL MODELS FOR SINA MICRO-BLOG IDTS
The essence of the null model presented in this article is to generate random copies of Sina micro-blog IDTs, and the time-weight characteristics are studied by comparing the original IDTs and corresponding randomized copies. In this article, two null models of the IDT are constructed based on the time-weight shuffling, in which the time-stamp of a node and time-weight of an edge are random shuffled, and accordingly, the corresponding randomized copies of Sina micro-blog IDTs are obtained. In addition to the five structural constrains mentioned in last article of the author [35] , the sequence of the time-stamp of two nodes with which an edge is associated must be guaranteed, i.e., the lower nodes of any two adjacent layers in an IDT can only disseminate information from their parent node, then the node time-stamp in the lower layer is larger than the time-stamp of the parent node. Therefore, the time taken for the information to disseminate to the node is longer than for their parent node. Therefore, it is necessary to ensure that the two nodes with which the edges are associated in the corresponding randomized copies of an IDT must have the above mentioned time sequence.
A. EQUAL-WEIGHT EDGE SHUFFLE IDT NULL MODEL
The equal-weight edge shuffle (EWS) null model for Sina micro-blog IDTs keeps the time-stamp of all the nodes in the IDTs unchanged and random shuffles the edges with the same time-weight, which destroys the time correlation and burstiness of the adjacent edges. In addition, after the edges with same time-weight are shuffled, the topology of the IDTs is changed accordingly. Then, the effect of the IDT topology change on the information dissemination is also revealed. This EWS null model, which is a combination of the network edge shuffling algorithm and time-weight shuffling algorithm, is similar to the ''second-order random-rewire-brokenedge IDT null model,'' detailed in the last article of this author [35] . EWS is a shuffling algorithm of the edges with the same time-weight in an IDT. In contrast, the ''secondorder random-rewire-broken-edge IDT null model'' shuffles the edges with the same associated node degree. As elaborated in definition 2 in section III-A1, the edge weight is the difference of the time-stamp of the two nodes with which an edge is associated. However, the IDRs include very few or even no same time-weight edges between two adjacent layer nodes. Therefore, we set that if the weight difference between two edges is within 0.05 h (3 m), we will consider them as having the same edge weight. However, the EWS null model contains the following steps: (1) In view of the hierarchial characteristics of the IDT, the traditional edge shuffling strategy is improved so that the equal time-weight edges between the nodes of the two adjacent layer can be exchanged, as shown in Fig.6 ; (2) As depicted in section IV, the essence of the null model presented in this article is to generate random copies of the IDTs and study the time-weight characteristics by comparing with the original IDTs and the corresponding randomized copies. The corresponding procedure of the EWS generates random copy T r of the IDT T , which is illustrated in Fig.7 .
Moreover, the formula specification for implementing the EWS IDT null model is illustrated in algorithm 1.
Algorithm 1 Pseudo-Code of the EWS IDT Null Model EWS_null_model(T , nswap, max_tries)
Input:
Information dissemination tree, T ; Number of edge exchanges, nswap; Maximum attempted number of edge exchanges, max_tries; Output:
The randomized copy T r of T ; 1: Initialization: Deep copies the T to T r , i.e., T r ← T ; then obtains set N of nodes of T r , N = {N 0 , N 1 , N 2 , · · · , N layer }, N 0 represents the root of T r , and set E of the edges of T r , E = {E 1 , E 2 , · · · , N layer−1 }, where N i and E i indicates the node-set and edge-set of the i-th layer of T r , respectively. Moreover, the E i connects the nodes between E i−1 and E i ; 2: Edge Shuffling: 3: for each edge set E i in E do 4: Calculating the time-weight of each edge e j , e j ∈ E i ; 5: while swapcount < nswap do 6: Randomly selects two edges e k and e l with equal time-weights, and the approach to determine whether the time-weight of e k and e l is equal is detailed in the first paragraph in section IV-A; 7: Using the strategy depicted in Fig.6 to exchange e k and e l ; 8: if n > max_tries then 9: Throws an exception; 10: end if 11: n ← n + 1; 12: end while 13 : end for 14: Return: The produced randomized copy T r of T ;
B. NODE TIME-STAMP SHUFFLE IDT NULL MODEL
The time-stamp of all the nodes in the IDTs is shuffled (NTS, Node Time-Stamp Shuffled), and the topological structure of the corresponding IDT is maintained unchanged, whereas the time-weight correlation characteristics between the events (nodes) is destroyed, which can further study the related regulation of the information dissemination. Accordingly, the working procedure of the NTS IDT null model is elaborated as follows.
1) First, the time-stamp of all the nodes in IDT T is sorted in the ascending order, that is the order in which the VOLUME 6, 2018 events occur. Sorted time-stamp sequence ft, where ft = {t 1 , t 2 , · · · , t n }, and corresponding node sequence N , where N = {1, 2, · · · , n} and t i stands for the time-stamp of node i. 2) Second, starting from the root node of T , we scan each node of T sequentially in a hierarchical traversal, and ft is grouped according to the location and its neighbor count of each node. As shown in Fig.8 , the (n-1) neighbors of root node 1 are {2, 3, · · · , x, · · · , l1(n − 1), l1n}. Then intercept ft 1 from ft is an alternative time-stamp set for all the neighbors of root node 1, ft 1 = {t 2 , t 3 , · · · , t x , · · · , t 1(n−1) , t 1n }. Consequently, the alternative time-stamp set of the neighbors of all the nodes in T is formed as fts,
3) Finally, the time-stamp of each node in T is reset via hierarchical traversal. However, the time-stamp of the root node is maintained unchanged for its earliest occurrence, and the time-stamp of the neighbors of all the other nodes in T is reset according to the following strategy: considering node x in Fig.8 as an example, the four neighbors of node x are i, j, k, and l, and we can obtain their corresponding time-stamp sequence:ftx, ftx = {t x1 , t x2 , t x3 , t x4 }. Then the time-stamp of nodes i, j, k, and l is randomly selected by adopting the approach of the non-return-sampling. For instance, a time-stamp assignment for the four neighbors of node x is depicted in Fig.8 .
C. TIME COMPLEXITY ANALYSIS
The algorithm time-complexity of EWS and NTS was analyzed, assuming n as the total number of nodes of an IDT T while the amount. As for the EWS in section IV-A, the initialization step costs O(n) operations, and for the edge shuffling phase that exchange two edges with equal timeweight, the worst case is that all edges of T are equal in time-weight and all need to be exchanged, and the worst and final time-complexity accordingly is O(n 2 ), which is consistent with that of algorithm in [19] . So this model also needs more performance improvement to be applied on large scale network. With regard to the situation of algorithm NTS, 1)the merge sort was applied in step 1 and costs O(nlog 2 n) operations; 2)query all neighbor nodes of each nodes in T needs O(n) manipulations; 3)and shuffles the time-weight of neighbor nodes of each node in 3 needs O(n) operations. Hence, O(nlog 2 n + n + n) operations are needed in whole process of NTS, and the final time-complexity is O(n(log 2 n + 2)). Hence, the NTS model is more suitable to be applied on large scale network than that of EWS.
D. MEASUREMENT OF IDT NULL MODEL
Without loss of generality, this study also applies metrics to measure the quality of the randomized copies of the IDTs generated by the EWS null model and NTS null model. However, for detecting the relatedness and co-occurrence of the events (nodes) in an IDT, we apply a comparative concept based on the proposed IDT null models to analyze the degree correlation (i.e., events correlation) [32] in an IDT. It is to be particularly noted that the measurement of the degree correlation has been used in [32] and the last article of the author [35] for simply measuring the quality of the randomized copies of the IDTs. Readers can refer to [32] and [35] for more details.
Suppose m(k 1 , k 2 ) represents the number of links that associate two nodes with degrees k 1 and k 2 , respectively. In the dissemination trees, it represents the number of links that start from the node with the out-degree of k 1 to the node with the out-degree of k 2 . Thus, the degree correlation can be analyzed by comparing m(k 1 , k 2 ) in an actual IDT and m r (k 1 , k 2 ) of its corresponding randomized copy. Consequently, the formal description of the degree correlation is introduced as follows [32] , [35] .
where
implies that nodes with degrees k 1 ,k 2 promote (or restrain) the information dissemination or evolution in the IDTs. However, the absolute value of Z (k 1 , k 2 ) represents the difference between an actual IDT and its corresponding randomized copy. Still, Z ij is the normalized value of Z (k 1 , k 2 ).
Therefore, drawing the values of R(k 1 , k 2 ) and Z (k 1 , k 2 ) in the same legend generates the Correlation Profile. Therefore, by plotting both R(k 1 , k 2 ) and Z ij in the same legend, theSignificance Profile is obtained, which can well indicate the quality of the generated randomized copies.
V. EXPERIMENTS AND ANALYSIS
This section discusses the utilization of the IDT null mod- by the EWS IDT null model. Concurrently, the effect of the user relationship structure (IDT topological structure) on the information dissemination burstiness is also analyzed. (2) The NTS IDT null model keeps the topological structure of the IDTs unchanged, and the random shuffling of the node time-weight is adopted to produce the random copies for analyzing the information dissemination burstiness and scale. This is in contrast with the strategies used in the EWS IDT null model and proves each other. 1) Compared with the original Sina micro-blog IDTs, the dissemination burstiness of the randomized copies of the IDTs generated by the EWS IDT null model is relatively lower, which illustrates that the change in the topological structure of the IDTs and destruction of the corresponding community structure delay the information dissemination and also lead to the irregular ''jump'' phenomenon. However, the ''5-h-effect'' is also maintained, i.e., the information dissemination scale is approximately 50% of the total size when the time interval is less than or equal to 5 h; however, it is less than the size of 60% of the original IDTs; 2) Nevertheless, the dissemination burstiness of the randomized copies produced by the NTS IDT null model is slightly higher than the original Sina micro-blog IDTs within the same time interval, and the information dissemination scale is approximately 63.7% of the total size when the time interval less than or equal to 5 h. However, it is slightly higher than the 60% of the original Sina micro-blog IDTs, elaborating the fact that keeping the topological structure unchanged while changing the time-weight of the node of the IDTs only has a slight effect on the information dissemination burstiness. In combination with the analysis of the above item 1, the structure of the IDTs (or social network) has a significant effect on the information dissemination, and changes in the edges between the nodes can lead to a change in the corresponding community structure. This in turn will affect the information dissemination in the social network (or IDTs) because the process of information dissemination is essentially the process of penetrating the different communities [5] , [8] , [9] ; 3) On the macro level, as can be seen from table 1, the newly added information dissemination scale of the IDTs generated by the EWS null model and NTS null model is almost exactly consistent with the original IDTs within the same period because these models keep the time-stamp sequence of the nodes unchanged when the original IDTs are shuffled.
In view of the experimental analysis in the above item 1, item 2, and the research results of [19] , the intrinsic causes that lead to the above consequences are analyzed as follows.
1) Opinion leaders are common in online social networks, such as Sina micro-blog and Renren. They act as activists, play a significant role of a hub node, and often provide information to other audiences, thus forming a two-level information dissemination. Consequently, the online social networks have formed a community structure centered on the hub nodes. The communities are often aggregates of thousands of well-connected users who can accelerate the local information dissemination in the community. For penetrating the information in different communities to achieve a wide area dissemination, overlapping nodes and weak connections between the communities are required. This is mainly because the opinion leaders can not only directly disseminate information but also enhance the probability of the neighbor nodes to obtain information and thereby continue to disseminate information through the neighbor nodes [8] , [19] , [28] ; 2) The communities in online social networks are not restricted by geographical and offline interpersonal relationships and collect many individuals with similar interests, hobbies, and values. When the hub nodes in a community post or forward a message to their friends in the friends circle, the message can often be accepted and further disseminated by most of the users in their friends circle in a short time. This can, thus, spark various circles of friends in the online social networks, increasing the burstiness of the information dissemination [19] ; 3) Although Sina micro-blog has a higher sparsity characteristic compared with the European mobile phone communication network [30] and e-mail network [31] , the interaction between the users in mobile phone network and e-mail network is generally limited to the acquaintances of the users, which is not the case in online social networks, which include not only the friends of the daily acquaintances but also like-minded users who are not subject to regional restrictions. Therefore, when an event occurs on the Internet, users can easily interact with their friends circle on a micro-blog via mobile terminals, instead of sharing information with their friends by calling or sending an e-mail. As studied in [19] , in contrast, the community structure plays a significant role in slowing the dissemination of information in the ''mobile phone weight-topology correlations, B: bursty single-edge dynamics, E: event-event correlations between edges. In small and sparse social networks, successive information dissemination within a short time period by a hub give rise to a steep prevalence rise.Such behavior is a one-off event and the effect is destroyed in the null models [19] .
network'' and ''e-mail network.'' However, the empirical analysis of the information dissemination in Sina micro-blog has revealed that the community structure helps in spreading the information rapidly within each community while slowing it down between the communities [8] , [9] .
B. INFORMATION DISSEMINATION SCALE
This section compares and analyzes the cumulative dissemination scale of Sina micro-blog IDTs at different dissemination times and combines the research results of the European mobile phone network [30] and e-mail network [31] elaborated in [19] . The empirical comparative analysis of the different types of network structures affecting the information dissemination is also discussed. Accordingly, the related analysis results are shown in Fig.10 .
The following conclusions can be obtained from the dissemination comparison of Sina micro-blog IDTs, European mobile phone network, and e-mail network as shown in Fig.10. 1) It can be seen clearly from Fig.10 (a) that the cumulative dissemination scale of the randomized copies of the IDTs generated by the EWS and NTS null models is consistent with the original data. This is because the EWS and NTS null models kept the time sequence of the original data invariant, i.e., the time-weight of the nodes is unchanged. Based on the definition of the IPT in section III-A1, the dissemination time is the time-stamp difference between the root node and non-root nodes. The IDT null models presented in this article keep the time-stamp of the root node constant while shuffling the time-stamp of the remaining non-root nodes. However, the total number of nodes in a certain time interval remains unchanged under the condition that the whole time sequence of all the nodes is unchanged. Thus, the correctness of the EWS and NTS null models is verified. Moreover, within the same time, comparison with the SI model shows that the randomized copies of the IDTs produced by the EWS and NTS models still have the ''5-heffect,'' which is consistent with the empirical analysis outcomes presented in section III-B; 2) Moreover, Fig.10 (b) displays the contrast analysis results of the DCW and DCWB [19] on the scale of the information dissemination in the European mobile phone network and E-mail network. It indicates that the difference between the analysis results for the different aspects of networks is small. Although the network types and analysis emphasis are different, the difference in the information dissemination scale of the randomized copies produced by the IDT null model presented in this article and original data is also small, which can fit the real situation well. Concurrently, it also explains that the DCW, DCWB, and SI can only analyze the information dissemination scale on the macro level, whereas the EWS and NTS null models presented in this article not only reveal the macro characteristics of the information dissemination but also to some extent reveal the local characteristics (i.e., the EWS shuffles the edges with the same time-weight, destroying the overall structure and local community structure of the IDTs, thereby affecting the burstiness of the information dissemination) [19] .
VI. CONCLUSIONS
This study investigated the information dissemination in Sina micro-blog IDTs with the time-weight, proposed two information dissemination tree null models based on the time-weight shuffling, and analyzed the effect of the topological structure of the information dissemination tree on the burstiness of the information dissemination. The experimental analysis results indicate the following gains: (1) When maintaining the time-weight of Sina micro-blog IDTs, the EWS null model changed the topological structure of the IDTs (i.e., the average node degree and overall time sequence of the IDTs were unchanged, with the characteristic of zero-order null model) and destroyed the local community structure of the nodes/users, thus slowing down the dissemination of the information and decreasing the burstiness of the information dissemination. These characteristics demonstrated that the topological structure played a decisive role in the information dissemination; (2) When keeping the topological structure of the IDTs and overall time sequences of events unchanged, the NTS null model shuffled the time-weight of the nodes in the IDTs. The experimental results illustrated that the scale of the information dissemination at different time intervals was smaller and slightly higher than that of the original IDTs. Particularly, the total scale of the first 5 h was basically consistent with the dissemination scale of the original IDTs, and the ''5-h-effect'' was verified again. Above all, the following conclusions were drawn: Sina micro-blog user relationships on the network promoted the burstiness of the information transmission, which sharply contrasted with the European mobile telephone [30] and e-mail network [31] . If the community structure in the corresponding user relationship network would be destroyed, the burst characteristics of the information dissemination would be suppressed. Actually, the research correspondences presented in this article, including the ''5-h-effect'' and burstiness, can well provide basis and reference for the study of modeling and simulation of different types of information dissemination, and can evaluate the scale and scope of bad information diffusion, such as rumors and spams. Furthermore, the research contributions are also capable of helping the people to control and guide the diffusion of bad information and create a harmonious environment for information dissemination.
